Background: Copy number variations (CNVs) are large segments of the genome that are duplicated or deleted. Structural variations in the genome have been linked to many complex diseases. Similar to how genome-wide association studies (GWAS) have helped discover single-nucleotide polymorphisms linked to disease phenotypes, the extension of GWAS to CNVs has aided the discovery of structural variants associated with human traits and diseases. Results: We present CoNVaQ, an easy-to-use web-based tool for CNV-based association studies. The web service allows users to upload two sets of CNV segments and search for genomic regions where the occurrence of CNVs is significantly associated with the phenotype. CoNVaQ provides two models: a simple statistical model using Fisher's exact test and a novel query-based model matching regions to user-defined queries. For each region, the method computes a global q-value statistic by repeated permutation of samples among the populations. We demonstrate our platform by using it to analyze a data set of HPV-positive and HPV-negative penile cancer patients. Conclusions: CoNVaQ provides a simple workflow for performing CNV-based association studies. It is made available as a web platform in order to provide a user-friendly workflow for biologists and clinicians to carry out CNV data analysis without installing any software. Through the web interface, users are also able to analyze their results to find overrepresented GO terms and pathways. In addition, our method is also available as a package for the R programming language. CoNVaQ is available at https://convaq.compbio.sdu.dk.
type. CNVRuler [11] is a graphical desktop application that builds CNV regions using one of three models: overlapping regions, reciprocal overlap and segmentation at CNV boundaries. Associations between CNV regions and phenotype are determined using either Fisher's exact test, a chi-squared test, linear regression or logistic regression. ParseCNV [12] is a suite of command line tools for CNV-based association studies. It performs significance testing on probe-level using Fisher's exact test. Probes in close proximity with similar p-values are then merged into CNVRs. To our knowledge, no web service and no query-based methods exist yet.
Implementation
In this work we present CoNVAQ, a new web-based tool for copy number variation-based assocation study data analysis. Our method allows users to upload two sets of segmented CNVs (e.g. disease and healthy groups) and search for CNV regions where the occurence of CNVs is significantly associated with the classification of the samples (phenotype). Our software provides two models for signifiance testing. The first model is a traditional statistical model using Fisher's exact test for testing significance of associations between CNV and phenotype similar to what is implemented in previous methods. The second model is a novel query-based model, that allows users to specify what patterns are considered significant using simple queries through the web interface (Fig. 1) . While not as statistically robust, the second model is able to capture patterns that may not show up using a statistical hypothesis test, and is, in our opinion, easier to understand and interpret. For each CNV region found, our method computes an empirical q-value by repeated permutation of the samples between the two groups, in order to estimate significance on a genome-wide scale. Users are able to inspect the individual reported regions to obtain a distribution of events and examine in which samples a variation is observed. Our web tool also provides a gene set enrichment analysis allowing users to search for an overrepresentation of Gene Ontology (GO) terms, KEGG and Reactome pathways or disease associations (Fig. 2) among the genes located in the discovered CNV regions. Our web server works on segmented CNV calls and does not produce CNV calls from raw data, which is left to one of the many existing tools. Hence, our tool can be applied to any CNV data set regardless of the technology used. CoNVaQ is an easy-to-use web tool, where all results are computed remotely on our servers, making it usable from any desktop PC with a web browser installed. Furthermore, we also provide CoNVaQ as a package for the R programming language, allowing researchers to run analyses locally.
Copy number variation region definition
We define a copy number variation region (CNVR) as a genomic region within a single chromosome wherein no sample changes state. Each chromosome is initially segmented into regions such that a new region starts at every end point (start or end) for every CNV among all samples (Fig. 3) . As a result of this, no sample changes state within a region -only at region boundaries. Furthermore no two adjacent regions will be identical because at least one sample must change state in order for a new region to start, but two adjacent regions may have the same distribution of CNVs.
Statistical model
The statistical model uses Fisher's exact test for computing the significance of association between two groups of samples for some CNV event. The method considers each type of event (i.e. loss, gain and LOH) separately and classifies each sample as either having a variation of that type in the region or not. For each CNVR a 2 × 2 contingency table is built and a p-value is computed. Any region with Fig. 1 Example of a query specified through the web interface for the query-based model. This query specifies that the method should look for regions where at least 20% of the samples in the positive group have a gain in copy numbers and at least 90% of the samples in the negative group have no variation a p-value less than the user-specified threshold will be reported along with the observed event.
Query-based model
The query-based model works by extracting all regions matching some user-specified query. The user must specify a predicate for the two groups of samples being compared. Then, regions where both groups match their respective predicate are identified and reported as part of the result.
A predicate is defined as a tuple (I, R, E, T), where I∈{≤, ≥}, R ∈ [0, 1], E ∈ {=, =} and T ∈ {Normal, Gain, Loss, LOH}. A query Q is defined by a pair of predicates Q = (P 1 , P 2 ). An example of such a query could be P 1 = (≥, 0.2, =, Gain) and P 2 = (≤, 0.1, =, Normal), describing that all regions in which at least 20% of samples in the first group have a gain in copy numbers while at most 10% of samples in the second group may have any kind of CNV, regardless of type, are considered significant. An example is illustrated in Fig. 4 .
Q-value computation
Empirical q-values are computed for each reported CNVR by repeatedly perturbing the distribution of samples among the two populations. Samples are distributed among the two populations such that the original population sizes are preserved. For each of the found CNVRs we compute how often we see a CNVR that is equally or more significant in each of the repetitions when performing the same query. A region is considered more significant if it spans a larger number of base pairs. This is based on the following reasoning: The null hypothesis is that the occurrence of each CNV is independent of the phenotype of the sample. Under this hypothesis, larger regions of overlapping CNVs are less likely to occur by chance than smaller regions (under the assumption ) is evaluated against the ten CNV regions generated in Fig. 3 . LOH frequencies have been left out for simplicity. Four regions match the predicate for group 1 (R 6 -R 9 ), and eight regions match the predicate for group 2 (R 1 -R 4 , R 7 -R 10 ). Three regions match the full query (R 7 , R 8 and R 9 ) that most of the genome does not exhibit any variation).
Only CNVRs of the same type are compared, i.e. finding a larger duplication will not affect the q-value of a deleted region. The position, length and type of each CNV is preserved under the perturbation. This preservation is important because we cannot reasonably assume the positions in which CNVs appear in the genome are random. By redistributing the samples among the populations while preserving their size, we instead compute the probability of observing a given overlap if there is no contingency between phenotype and the classification of samples.
Merging adjacent CNVRs
In some cases the CNV calling method might detect two or more CNVRs in very close proximity, separated only by a small number of base pairs. Such regions may correspond to just one region with some internal variation. Furthermore, when segmenting the genome into CNV regions as described above, we may produce several regions in a row with very similar variation distributions. In order to consider such regions as singular CNVRs, CoNVaQ includes an option to merge adjacent regions within some user-specified number of base pairs. After all matching CNVRs have been selected, adjacent CNVRs of the same type that are within this threshold will be merged into a single CNVR. Regions are merged before q-values are computed, and the merging step is also performed for each repetition when computing q-values as well. For the statistical model, the p-value of the new region will be the largest value (least significant) of regions being merged. Regions returned from the query-based model do not have a type, meaning they can be merged with any other region if within the threshold. The frequencies of merged regions will be represented as a range, e.g. if two regions with loss of copy numbers in 23 and 31% of samples, respectively, are merged, the new region will report loss in 23-31% of samples. The length of the new region will include the gap between merged regions as well. Note that merged regions do not match the previous definition of CNVRs as each sample is no longer guaranteed to have the same state for the entire span of the region.
Enrichment analysis
For the reported CNVRs, users are able to select one or more regions and extract all known genes overlapping those regions. A database of known genes was obtained from Ensembl [13] . A gene is said to be overlapping a CNVR if their genomic regions share at least one base pair. CoNVaQ also provides a gene set enrichment analysis. For the set of reported genes overlapping a CNVR, users can search for overrepresented Gene Ontology terms [14] , KEGG pathways [15] , Reactome pathways [16] , Disease Ontology terms [17] and DisGeNET disease associations [18] . Enrichment analysis is carried out using the DOSE [19] and clusterProfiler [20] R packages. Statistical significance of enrichment is determined using a hypergeometric test. Let G be the set of genes overlapping the found CNV regions and C be the gene set we want to investigate for enrichment. Then a p-value is computed as
where N is the number of all genes, K is the number of genes in C, n is the number of genes in G and k is the number of genes both in G and C. Adjusted p-values are also computed using the Benjamini-Hochberg procedure, as well as estimated q-values using the method described in [21] .
Software requirements
CoNVaQ is implemented as a web tool accessible through a web browser. All parsing of data and computation of results is done remotely on the server, and results are then displayed in the web interface. As such, only a modern, HTML5-enabled web browser supporting Javascript is necessary in order to use CoNVaQ.
Results
To demonstrate our platform we analyzed the penile cancer (PC) data set from [22] . It contains segmented CNV calls from 41 penile squamous cell carcinomas samples, where 14 samples were identified as HPV-positive and the remaining 27 as HPV-negative. We performed an association study between HPV-positive vs. HPV-negative samples in order to identify genomic variations that were more common in the HPV-positive group, using the two models implemented in CoNVaQ.
Statistical model
We first searched for significant CNVs using the statistical model. The statistical model uses Fisher's exact test to compute p-values for each individual CNV. Then, q-values are computed to estimate the probability of seeing a significant CNV of this type and size over the entire genome (statistical model and q-value computation are detailed in Methods section). We used a p-value cutoff of ≤ 0.05 for significance and enabled merging of adjacent CNVs with a distance threshold of 0 base pairs (i.e. only directly adjacent regions are merged). The method found 16 CNV regions (CNVRs) with significant p-value in chromosomes 2, 3, 4, 5, 8, 9, 16, 17 and 19 (Table 1) . Q-values ranged from 0.0955 to 0.8415, meaning none of the regions had a statistically significant q-value (< 0.05). The most statistically significant region was a large loss event in chromosome 4. The 16 regions found here were also previously reported in [22] .
Query-based model
We next also searched for significant CNVRs using the query-based model. The query-based model finds regions matching some user-specified query, and q-values are then computed using the same procedure as for the statistical model (detailed in Methods section). We define two queries Q loss and Q gain to search for loss and gain events, respectively. The two queries are defined as follows: These two queries specify that we are searching for regions with at least 20% of cases (HPV-positive) and at most 10% of controls (HPV-negative) having a gain or loss, respectively. Merging of adjacent regions was enabled with a distance threshold of 0 base pairs again. The Q loss query found 23 regions in chromosomes 2, 3, 4, 5, and 17 ( Table 2 ). The q-values ranged from 0.0120 to 0.911. Regions are sorted by q-value. The two rightmost columns contain the frequency of variations of the type corresponding to the type of event (column 4) for the case and control groups, respectively
The only region with a q-value < 0.05 was a large region in chromosome 2 in which the frequency of copy number loss was between 21.4 and 35.7% for the HPV-positive samples and between 0 and 7.4% for the HPV-negative samples. The Q gain query found 15 regions in chromosomes 6, 7, 8, 9, 16, 17, 19 and 20 (Table 3 ). The q-values ranged from 0.276 to 0.871, and thus none of the regions had a significant q-value. In some cases, one can tighten the thresholds in the query in order to achieve more precise results. If we use the query Q * loss = ((≥, 0.30, =, loss), (≤, 0.05, =, normal)), we instead find two smaller regions in chromosome 2 (Table 4 ) with q-values 0.038 and 0.047. Both regions a part of the large loss event found with Q loss , but with a stronger association to HPV-positive status.
Discussion
We used CoNVaQ to search for genomic regions where the occurrence of copy number variations was significantly associated to HPV status. The statistical model found 16 CNVRs with p-value < 0.05. However, none of the regions were reported to have a significant q-value (< 0.05) after permutation testing. This means that for all of the found CNVRs, if the samples are randomly assigned to the two groups, we will likely see an equally large region of same type with p-value < 0.05. This could suggest that for these regions, further validation is necessary to determine whether they are in fact associated with the phenotype. The query-based model found 23 regions for Q loss and 15 regions for Q gain . One region had a significant q-value, namely region in chromosome 2 with copy number loss associated with positive HPV status.
The large discrepancy between the p-values and q-values reported by the statistical model suggests that looking at the individual regions is not sufficient to determine whether a CNVR is indeed significantly associated to a phenotype. The cohort used in our analysis consists of only 41 samples which is evidently too few to determine significance with high confidence. It Table 2 CNVRs extracted from penile cancer data set using the query-based model with the Q loss query HPV-pos.
HPV-neg. Searching for regions with a loss of copy number in at least 20% of cases and at most 10% of controls. The two rightmost columns contain the frequency of copy nuber loss for the case and control groups, respectively Searching for regions with at least 20% of cases having a gain and at most 10% of controls having any kind of variation. The two rightmost columns contain the frequency of copy number gain for the case and control groups, respectively
illustrates the need for doing proper permutation testing and reporting q-values along with the standard pvalues. One factor, however, is that the q-value statistic is computed over the entire genome. If the analysis is restricted to a single chromosome, the q-values generally become much smaller. However, given that association studies generally aim to find any variation in any chromosome associated to a trait or phenotype, we believe the q-value statistic should be computed over the entire genome. Our method currently supports only discrete labels for CNV calls. When the copy number for each CNV is discretized before analysis, information that may potentially be important is discarded. Future versions of CoNVaQ will be extended to also support numerical values for CNV calls in addition to the three categories currently supported (gain, loss and LOH). This would enable determining significance using regression analysis (e.g. linear and logistic regression) and statistical hypothesis tests such as Student's t-test or the Mann-Whitney U test.
Our platform does not currently support uploading and processing raw genomic data. While this would improve user-friendliness, we believe this is currently out of scope for our method. For now we believe that quality control and CNV calling is best handled by the software tools provided with the CNV detection platforms. By working with processed CNV data instead, it makes our tool agnostic to the detection method used, and can thus be used with both aCGH and next-generation sequencing data.
Conclusions
In this paper we presented CoNVaQ, a web tool for copy number variation-based association studies. CoNVaQ implements two models: a statistical model using Fisher's exact test for significance estimation and a novel query-based model that extract CNV regions matching some user-specified query. Our method provides a secondary significance method by computing an empirical q-value by repeated random permutation of the samples among the two groups. CoNVaQ is provided as a web tool accessible online, making it very simple to use and Searching for regions with a copy number loss in at least 30% of cases and any kind of variation in at most 5% of controls. Columns 5 and 6 show the frequency of copy number gain and loss for the case group, and columns 7 and 8 shows the frequency of gain and loss for the control group requiring no additional software besides a web browser. Through the web interface we also provide gene set enrichment analysis to easily determine whether a set of CNV regions are associated with GO terms, molecular pathways or diseases. We used CoNVaQ to analyze a data set containing segmented CNV calls for 41 penile cancer patients categorized into HPV positive and HPV negative. While the standard statistical analysis found regions with significant p-value (< 0.05), no region had a significant q-value as well. Q-values were observed to generally be significantly larger than the p-values for the corresponding regions suggesting that looking at each region in isolation is not sufficient for determining significance. While the q-value measure appears to be conservative, we argue that a global significance measure is necessary to reduce type I errors.
